We previously reported an association between lysophosphatidylinositol (LPI) (16:1) and risk for type 2 diabetes in a Chinese population using an untargeted analysis.
T ype 2 diabetes is a chronic metabolic disease characterized by hyperglycemia, insulin resistance, and relative insulin deficiency (1) . The pathogenesis of diabetes is complex and involves the interaction of genetic and environmental factors. Recent research efforts on the association of circulating metabolites with risk for type 2 diabetes have provided new insights into the pathogenic mechanisms of type 2 diabetes. For instance, the increase of branched-chain amino acids, including leucine, isoleucine, and valine, has been widely reported to be related to an increased risk for type 2 diabetes in several Western and Asian populations (2-6). Moreover, the changes of fatty acids (7, 8) and acylcarnitines (9) were associated with risk for type 2 diabetes as well. Recently, in an untargeted metabolomics study of type 2 diabetes risk assessment in a Chinese population, we found a positive association between serum lysophosphatidylinositol (LPI) (16:1) and risk for type 2 diabetes (10) .
LPI is a bioactive lipid produced from membrane phosphatidylinositol (PI) through the catalytic activity of the phospholipase A (PLA) family of lipases, including PLA1 and PLA2. PLA1 and PLA2 remove fatty acids from the sn-1 and sn-2 positions of PI, respectively, generating 2-acyl-LPI and 1-acyl-LPI (11) . Over the past few decades, LPI has been confirmed to affect various cellular functions, such as cell growth, differentiation, and motility (12) . Recently, it was proposed as the endogenous ligand of G-protein-coupled receptor 55 (GPR55) (13) . The LPI/GPR55 axis has been shown to be positively associated with obesity in human (14) . Notably, a recent study has demonstrated that GPR55 is expressed in the endocrine pancreas and in pancreatic b cells (15) , and another study observed that the major effect of GPR55 on LPI activation on b cells is to increase insulin secretion, suggesting a role in glucose homeostasis (16) . With this evidence considered together, it is still unclear whether LPI is a risk factor for type 2 diabetes. Therefore, investigation of the potential links of LPIs and their related metabolites in relation to the development of type 2 diabetes is expected to enhance our understanding of the pathogenesis of type 2 diabetes.
In this study, we thus aimed to estimate the overall associations of LPIs and their related metabolites, including nonesterified fatty acids (NEFAs) and acylcarnitines, with both incident and prevalent type 2 diabetes by using targeted metabolomics strategies. Compared with previous untargeted analysis (10) , the present targeted analysis can more accurately quantify metabolites. Although several early studies focused on the relationships of fatty acids (8) and acylcarnitines (9) with type 2 diabetes, the correlations of altered fatty acids and acylcarnitines with LPIs during the development of type 2 diabetes remain unclear. This study can contribute to our understanding of the pathogenesis of type 2 diabetes.
Materials and Methods

Study design and participants
A flowchart of study design and participant selection is shown in Fig. 1 . The participants were randomly selected from the Singapore Chinese Health Study (SCHS), which is a population-based study in Singapore. Detailed information on recruitment and follow-up visits for SCHS has been reported Figure 1 . Flowchart of study design and participant selection.
previously (10) . Briefly, 63,257 Chinese men and women aged 45 to 74 years were recruited from 1993 to 1998. The first follow-up visit was carried out from 1999 to 2004, and 32,575 participants donated morning blood samples. The second follow-up visit was conducted from 2006 to 2010. In current study, we randomly selected 304 cases who were free of diagnosed diabetes, cardiovascular disease, and cancer at baseline (i.e., at the first visit when blood samples were collected) while reported to have type 2 diabetes during follow-up (i.e., at the second visit). Meanwhile, 304 controls who remained free of the aforementioned diseases at both the first and second visits were selected. The cases and controls were individually matched by age (63 years), sex, and date of blood collection (66 months). The baseline serum samples were used for current study. All participants gave informed consent, and the study was approved by the Institutional Review Boards at the National University of Singapore.
Prevalent and incident type 2 diabetes cases: patient regrouping
In Singapore, the diagnostic tests for diabetes at the time of two visits (1999 to 2004 and 2006 to 2010) were done according to the 1997 American Diabetes Association criteria (17) , which were based on symptoms plus random glucose concentrations, fasting glucose concentrations, or 2-hour glucose tolerance tests. In 2010, the American Diabetes Association proposed a hemoglobin A1c (HbA1c) value $6.5% (47.5 mmol/mol) as an additional diagnostic criterion (18) . In considering the update of diagnostic criteria, in this study we divided the 304 cases into prevalent and incident type 2 diabetes cases according to the baseline HbA1c levels: Patients with HbA1c $ 6.5% (47.5 mmol/mol) at baseline were defined as prevalent or undiagnosed cases (n = 144); those with HbA1c , 6.5% (47.5 mmol/mol) at baseline were classified as incident cases (n = 160). HbA1c values in the controls were all ,6.0% (42.1 mmol/mol).
Lipid assay
Blood concentrations of high-density lipoprotein (HDL) cholesterol and triglycerides were measured by using colorimetric method on a chemistry analyzer (AU5800; Beckman Coulter, Brea, CA).
Serum metabolite quantification
A targeted metabolomics assay was performed at the National University of Singapore. A total of 61 serum metabolites were quantified or semiquantified, including 8 LPIs, 19 NEFAs, and 34 acylcarnitines (Supplemental Table 1 ). The methods of metabolite extraction, quantification, and validation are described in detail in the Supplemental Methods. Briefly, the metabolite extraction procedure was similar to the method described previously (19, 20) , with some minor modifications. All the metabolites were quantified by using an Agilent 1200 HPLC system (Agilent Technologies, Santa Clara, CA) coupled to a 6410 Triple Quadrupole (QQQ) mass spectrometer (Agilent Technologies) except myo-inositol, which was measured using an Agilent 7890 GC system (Agilent Technologies) coupled to a 7000B QQQ mass spectrometer (Agilent Technologies). The QQQ mass spectrometer was operated in electrospray ionization negative mode for LPI and fatty acid analyses and in positive mode for acylcarnitine analyses. Mass spectra were acquired in the multiple reaction monitoring mode, and the optimized conditions are summarized in Supplemental Table 1 .
All 304 paired samples were analyzed blindly in eight completely independent batches (i.e., 38 paired samples in each batch). Stable isotope-labeled internal standards were used in all the sample extractions and for calibration. Quality control (QC) was prepared by spiking a certain amount of native and labeled standards into a pooled plasma from all participants, and six QCs were analyzed along with the samples in each batch to ensure the reliability of the method and the instrument stability. The intrabatch and interbatch variations for all the targets in QCs ranged from 0.05% to 19.27% and 0.15% to 18.50%, respectively.
Statistical analysis
Demographic and clinical variables of participants are presented as mean 6 standard deviation for continuous data and as proportions for categorical data. All the metabolites measured in this study were detected in all 608 serum samples except LPI (22:6), which was detected in 92.4% of all samples. Undetectable values were assigned as a proxy value of half of the lowest detected amount. Odds ratios with 95% confidence intervals and P values for the association between metabolites and type 2 diabetes were calculated by using conditional logistic regression models, with adjustment for confounding factors, including body mass index (BMI), history of hypertension, smoking, physical activity, fasting status, triglycerides, and HDL cholesterol. The P value was corrected for multiple testing via false-discovery rate (FDR) using the Benjamini-Hochberg method. The odds ratio was represented both as tertiles and per standard deviation increment. Correlations between serum metabolites were examined in controls by Pearson partial correlation analysis, adjusting for age, sex, and BMI. The cstatistic (also known as the area under the receiver-operating characteristic curve [AUC ROC ]) was calculated to assess the predictive utility of each metabolite by examining the improvement in discrimination (i.e., increment in AUC ROC by adding metabolites to a multivariable-adjusted logistic regression model with established diabetes risk factors as the basic model). Because of a limitation of AUC ROC -that it is insensitive for detecting clinically important risk differences (21)-we further evaluated the integrated discrimination improvement and category-free net reclassification improvement (NRI) indexes. Statistical analyses were performed by using SPSS Statistics 24 (IBM, Armonk, NY) and Stata software, version 14.0 (Stata Corp., College Station, TX). A two-sided P value , 0.05 and FDR , 0.1 were considered to indicate statistically significant differences. Table 1 shows baseline characteristics of the participants. Cases with prevalent and incident type 2 diabetes and their matched controls are presented separately. Both prevalent and incident cases had higher BMI and triglycerides and lower levels of HDL cholesterol than controls at baseline, and they were also more likely to report a history of hypertension (P , 0.05). In this study, only a small percentage of participants [27.3%, 166 of 608) had fasted at the time of blood collection. Although the proportion of fasting and nonfasting participants was equally distributed between cases and controls (P . 0.05), metabolic changes due to fasting status were observed in the controls (Supplemental Table 2 ). We thus included fasting status in the model as a confounder. In addition, we reasoned that smoking is an important confounder and thus included it in the model.
Results
The associations between 61 measured metabolites and the risk for prevalent and incident type 2 diabetes are shown in Supplemental Table 3 . After adjustment for potential confounders, including BMI, history of hypertension, smoking, physical activity, fasting status, triglycerides, and HDL cholesterol, 37 metabolites were associated with prevalent type 2 diabetes at an FDR ,0.1 (Table 2) ; 11 metabolites were associated with incident type 2 diabetes at an FDR ,0.1 (Table 3 ). Although 0.05 is commonly used as a cutoff limit for FDR in the discovery of metabolic signatures, the metabolites with FDR between 0.05 and 0.1 are still considered marginally significant. To avoid missing potential biomarker candidates associated with risk for type 2 diabetes, we applied 0.1 as the cutoff value for FDR. All the 11 metabolites associated with incident type 2 diabetes were associated with prevalent type 2 diabetes as well. The associations of these 11 metabolites with prevalent type 2 diabetes were stronger than those with incident type 2 diabetes, except LPI (16:1) and (18:0), for which the associations with incident type 2 diabetes were more evident. In addition to the 11 common metabolites, we identified 26 metabolites associated only with prevalent type 2 diabetes, including 5 LPIs, 9 NEFAs, and 12 acylcarnitines. No significant associations between acylcarnitines and incident type 2 diabetes were observed. An aberrant metabolic network in relation to prevalent and incident type 2 diabetes is summarized in Fig. 2 .
We assessed the correlations between baseline concentrations of 37 differential metabolites associated with prevalent and/or incident type 2 diabetes in controls (Fig. 3) . Strong correlations were observed within groups of related metabolites, such as LPIs, NEFAs, and Among 11 metabolites associated with incident type 2 diabetes, we further adjusted for random glucose and HbA1c levels and found that all metabolites remained significantly associated with type 2 diabetes risk (Table 3) . We then evaluated the predictive performance of these 11 metabolites for the risk for incident type 2 diabetes (Table 3) . Compared with the AUC ROC value of the base model of BMI, history of hypertension, smoking, physical activity, triglycerides, and HDL cholesterol, no metabolites led to a significant increase in AUC values, whereas IDI and NRI statistics showed that dihomo-g-linolenic acid and LPI (16:1) could significantly improve risk reclassification of incident type 2 diabetes at P , 0.01. The NRI table stratified for incident cases and matched controls is presented in Supplemental Table 4 .
In addition to LPI (16:1), we found that all seven measured LPIs in prevalent type 2 diabetes cases were relatively higher than those in incident type 2 diabetes cases and controls, and they were relatively higher in incident type 2 diabetes cases than in controls (Supplemental Fig. 1 ).
Discussion
Using a case-control design within the SCHS cohort aimed at estimating the association of various lipid metabolites with incident and prevalent type 2 diabetes, we found that the accumulation of certain LPIs and NEFAs was associated with an increased risk for type 2 diabetes, independently of established risk factors. Moreover, the significant correlations observed among LPIs, NEFAs, and acylcarnitines indicated potential links of them in the development of type 2 diabetes.
NEFAs can impair insulin action via the Randle cycle, accumulation of intracellular lipid derivatives (e.g., diacylglycerol), oxidative stress, inflammation, and mitochondrial dysfunction (22) . In this study, we found that a series of NEFAs was associated with type 2 diabetes risk. Specifically, we observed higher levels of omega-6 fatty acids (such as linoleic acid, dihomo-g-linolenic acid, and adrenic acid) in both prevalent and incident type 2 diabetes cases. Omega-6 fatty acids play important roles in regulation of inflammation as precursors of inflammatory mediators, such as eicosanoids (23) . The increase of omega-6 fatty acids observed from incident to prevalent type 2 diabetes could have indicated an important role of omega-6 fatty acid-mediated inflammation in the pathogenesis of type 2 diabetes (Fig. 2) . Indeed, Perry et al. (24) recently identified the connection between inflammation and type 2 diabetes, showing that acetyl coenzyme A was a key mediator of insulin action on the liver and linking it to inflammation-induced insulin resistance. Among these omega-6 fatty acids, dihomog-linolenic acid had been reported to be associated with high insulin resistance (25) and increased risk for type 2 diabetes (26) . In our study, we found it significantly improved risk reclassification of type 2 diabetes and thus could be a potential predictor of type 2 diabetes. Compared with omega-6 fatty acids, previous prospective cohort studies in relation to the association between omega-3 fatty acids and type 2 diabetes risk were inconsistent. A recent systematic review demonstrated that omega-3 fatty acids had protective associations with risk for type 2 diabetes in Asian populations but was positively associated with risk for type 2 diabetes in Western populations (27) . The possible protective role of omega-3 fatty acids on type 2 diabetes in Asians, particularly Chinese, was partly supported by our findings that increased omega-3 fatty acids, such as a-linolenic acid, eicosapentaenoic acid, and docosahexaenoic acid, were observed only in prevalent type 2 diabetes, which might elevate anti-inflammatory effects for self-stress protection.
L-Carnitine affects insulin-mediated glucose uptake and mitochondrial utilization of fatty acids (28) . It transports long-chain fatty acids from the cytosol into mitochondria in the form of acylcarnitines for b-oxidation and also facilitates the removal of short-and mediumchain fatty acids from the mitochondria. Previous studies indicated that the link of acylcarnitines with lipid-induced mitochondrial stress led to or worsened insulin resistance (29) . Recently, Sun et al. (9) found that acylcarnitines, especially those with long-chain fatty acids, were associated with an increased risk for type 2 diabetes. In accordance with these studies, we observed higher levels of acylcarnitines in prevalent type 2 diabetes cases, yet no significant changes in incident cases, which indicated that acylcarnitine-induced mitochondrial dysregulation may exacerbate the progression of type 2 diabetes rather than serve as a trigger (Fig. 2) .
The positive association between LPI and risk for type 2 diabetes was an emerging finding in our previous untargeted metabolomics study (10) . In the current targeted metabolomics study, we observed that prevalent type 2 diabetes cases had the highest LPIs compared with incident type 2 diabetes cases and controls, and LPIs were positively associated with higher risk for both prevalent and incident type 2 diabetes. In this study, we proposed a hypothesis in relation to the pathogenic mechanisms of LPI in type 2 diabetes development (Fig. 2) , but further studies are needed to confirm it. Briefly, in the development of type 2 diabetes, particularly at the early stage, LPI is accumulated, and it activates the GPR55 on b cells to secrete additional insulin in response to insulin resistance (16) . The initially increase of insulin secretion actually represents a relative deficiency of insulin, which means that b-cell function starts to deteriorate. The impairment of b-cell function further results in severe insulin deficiency. When insulin secretion no longer keeps pace with insulin resistance at the onset of diabetes, more and more LPI will be accumulated to promote insulin secretion, which further aggravates the metabolic burden of b cells, leading to cell dysfunction that accelerates the development of frank diabetes. By the time diabetes is clinically diagnosed, b-cell function may be reduced by $50% (30) . Whether as cause and/or consequence, LPI is clearly elevated in type 2 diabetes, and, importantly, it might occur earlier than glucose and HbA1c changes. Therefore, accurate quantification of LPI changes should significantly improve risk prediction of type 2 diabetes. Indeed, in this study we observed that LPI (16:1) significantly improved risk prediction of type 2 diabetes, which also confirmed our previous finding that LPI (16:1) can be an early predictor for type 2 diabetes (10).
The strength of this study is its prospective design and hence the presumed lack of recall bias in exposure data before type 2 diabetes diagnosis. Furthermore, the targeted metabolomics used in this study were precise and could quantify metabolite concentrations with a relatively low measurement variation. However, the current study had some limitations. First, although all blood was collected in the morning, ;70% of blood samples were nonfasting, a factor that may affect the metabolite levels. However, we included fasting status in the model as a confounder. Second, ;50% cases had undiagnosed type 2 diabetes at baseline (1999 to 2004) according to updated diagnostic criteria, with HbA1c levels $6.5% (47.5 mmol/mol). To avoid conflict, we redefined the status and classified these patients as prevalent and incident cases on the basis of baseline HbA1c levels and explored the association separately. Third, evidence indicates that certain fatty acids are clearly influenced by the habitual diet; in this study we cannot fully exclude confounders by dietary factors in analyzing differential metabolites because dietary data were not included. Finally, the sample size was relatively small, and the findings need to be validated externally in other ethnic populations with larger samples sizes.
In summary, we investigated the associations of LPIs, NEFAs, and acylcarnitines with both prevalent and incident type 2 diabetes in a Chinese population by using targeted metabolomics strategies. Overall, this study demonstrated the strong associations between LPIs and NEFAs with risk for type 2 diabetes and further confirms the probability of LPI (16:1) for type 2 diabetes risk prediction in this Chinese population. More important, a hypothesis in relation to the pathogenic mechanisms of LPI in type 2 diabetes development was brought forward, which further studies are needed to validate.
